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APPLICATIONS
Measured and estimated performance of a fleet of
shaded photovoltaic systems with string and module-
level inverters
Sara MacAlpine, Chris Deline* and Aron Dobos
National Renewable Energy Laboratory (NREL), 15013 Denver West Parkway, Golden, CO, USA
ABSTRACT
Shade obstructions can significantly impact the performance of photovoltaic (PV) systems. Although there are many
models for partially shaded PV arrays, there is a lack of information available regarding their accuracy and uncertainty
when compared with actual field performance. This work assesses the recorded performance of 46 residential PV systems,
equipped with either string-level or module-level inverters, under a variety of shading conditions. We compare their energy
production data to annual PV performance predictions, with a focus on the practical models developed here for National
Renewable Energy Laboratory’s SYSTEM ADVISOR MODEL software. This includes assessment of shade extent on each
PV system by using traditional onsite surveys and newer 3D obstruction modelling. The electrical impact of shade is
modelled by either a nonlinear performance model or assumption of linear impact with shade extent, depending on the
inverter type. When applied to the fleet of residential PV systems, performance is predicted with median annual bias errors
of 2.5% or less, for systems with up to 20% estimated shading loss. The partial shade models are not found to add
appreciable uncertainty to annual predictions of energy production for this fleet of systems but do introduce a monthly
root-mean-square error of approximately 4%–9% due to seasonal effects. Use of a detailed 3D model results in similar
or improved accuracy over site survey methods, indicating that, with proper description of shade obstructions, modelling
of partially shaded PV arrays can be done completely remotely, potentially saving time and cost. Published 2017. This ar-
ticle is a U.S. Government work and is in the public domain in the USA.
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INTRODUCTION
Solar photovoltaic (PV) distributed generation has certain
advantages over large-scale PV systems such as reduced
transmission and distribution cost [1,2] and leveraging of
existing building stock [3–5]. However, building geome-
tries and landscapes of distributed generation PV systems
in urban and suburban environments often create situations
in which arrays are partially shaded during a portion of
their operating hours. Partial shading, though not ideal,
does not necessarily preclude the financial viability of a
PV installation; the resulting energy losses may be miti-
gated by using distributed maximum-power point tracking
(DMPPT) electronics [6–9], or the shade loss may be insig-
nificant, depending on the location and extent of shade
obstructions relative to the array. To determine the value
to the customer, we must accurately predict the impact of
partial shading on a proposed PV system’s performance,
without adding undue time or complexity to the PV model-
ling process.
The initial challenge in estimating the performance
impact of nearby shade obstructions is to accurately model
the position of the obstruction and the reduction in irradi-
ance across the PV system from resulting shadows. Histor-
ically, this estimation has been accomplished by using
onsite survey imaging tools [10,11]. Other increasingly
popular methods include 3D computer-aided design
(CAD) modelling [12,13], as well as aerial Light Detection
and Ranging analysis [14,15] and geographic information
systems analysis [16,17], particularly for large-scale
estimation of PV potential. In this work, we use the 3D
CAD methodology in National Renewable Energy
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Laboratory (NREL)’s SYSTEM ADVISOR MODEL (SAM) [18]
to describe obstruction shade conditions and compare this
to use of onsite shade surveys taken with a Solmetric
SunEye.
A second challenge is to identify the PV performance
impact from reduced and nonuniform irradiance across
the PV system. Partial shade losses arise from both (i) the
reduced irradiance within the shaded area and (ii) current
and voltage mismatch between shaded and unshaded
sections of the PV system [12,13]. The loss from reduced
irradiance cannot be recovered, but mismatch losses may
be recovered by the use of DMPPT electronics within the
system [6–9], as shown in Figure 1.
Therefore, it is important to understand the system
topology before attempting to calculate shade and mis-
match performance losses. Systems equipped with central
inverters without DMPPT suffer greater-than-linear losses
under shaded conditions. These losses can be calculated
directly by tabulating the current–voltage (I–V) curve
response at the cell or module level [13,19–22]. This
approach provides a full and accurate solution, but compu-
tation time is typically too great for integration into annual
performance simulation programs such as NREL’s SAM or
PVWATTS [23].
Many previous efforts have simplified the question of
shade’s impact on performance, either by restricting the
shade geometry to that of regular inter-row self-shading
[24,25], simplifying the module I–V curve description
[26,27], or applying an empirical ‘shade factor’ to the area
of shade extent [19,28]. Other recent works [29,30]
have derived simplified mathematical expressions for
calculation of the maximum power points of partially
shaded PV systems, with limited validation under a tightly
controlled set of test cases.
Here, we build on a previous description of a hybrid so-
lution [31] that precomputes loss factors for a wide variety
of shading scenarios, based on a detailed cell-level model
[32]. By storing the results of these complicated shade
calculations in a lookup table, the time required to access
shade-loss values for an annual simulation is reduced from
hours to seconds. This method is currently available
through NREL’s SAM software, and it is also available as
a standalone open-source module online [18]. We provide
additional detail on this method, including comparison to
other models, and also describe the much simpler scenario
of PV system performance where loss is proportional to the
extent of shade on the PV system, as would be the case
with the use of DMPPT equipment.
To assess the accuracy of partial shade simulation tools
and methods, as well as the impact of partial shading on the
uncertainty of PV performance prediction, production data
were obtained from 46 different residential PV systems—
23 that included a single central or string inverter and 23
equipped with microinverters on each PV module. The ex-
tent of shade on each system ranges from unshaded (0%
expected shade loss) to heavily shaded (20% expected
shade loss). This work is the first to compare full, annual
simulations of a fleet of partially shaded PV systems’ per-
formance to annual production data, with an emphasis on
practical shade modelling methodologies, and to analyse
the resulting model uncertainty associated with partial
shading. The results indicate that the uncertainty associated
Figure 1. Fixed and recoverable power losses in a partially shaded photovoltaic (PV) system equipped with various power conversion
options. The distributed maximum-power point tracking (DMPPT) unshaded (blue dashed) and DMPPT shaded (solid green) curves as-
sume the presence of ideal module-level power converters, which enable peak power output for all output current levels. The conven-
tional inverter plot (red dashed) assumes partial shading mismatch between parallel PV strings which leads to recoverable power loss.
[Colour figure can be viewed at wileyonlinelibrary.com]
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with shade losses can be on the order of other sources of
modelling uncertainty, demonstrating that partially shaded
PV systems can be modelled and assessed with a similar
level of effort and confidence as their unshaded
counterparts.
SHADOW POSITION ESTIMATION
In this work, we determined estimates of shade extent for
the aforementioned PV systems by using two different
methods: 3D CAD modelling of nearby obstructions and
rooftop site survey imaging.
CAD modelling
Three-dimensional CAD modelling of shadows is done in
SAM, using the software’s 3D shade calculator tool. During
each simulated hour, we consider nominal incident plane-
of-array irradiance G=Gd+Gr+Gb , where Gd is the
diffuse, Gr is the ground-reflected, and Gb is the beam
irradiance component. In typical approaches, including
the one used in SAM, G is calculated by transposing a
horizontal resource to the tilted plane [33,34].
Diffuse irradiance Gd can be reduced by horizon ob-
structions that limit the field of view of the solar collector
to the open sky dome. This loss fraction is independent
of solar position and is described in greater detail in
Appendix A. While Gr is also reduced by horizon obstruc-
tions, the effect is modest compared with other irradiance
terms and is therefore neglected in this approach.
Beam irradiance Gb is blocked by near-shade and far-
shade obstructions; in SAM, the extent to which the array
experiences direct-beam shading from nearby structures
is determined by the user-input, 3D shade scene, which in-
cludes the active array area (divided into subarrays and
strings, if applicable) as well as various shading obstacles
such as trees, roofs, and other nearby opaque objects.
Hourly beam irradiance shading fractions are calculated
for each string of the array on a by-area basis by using
the shade scene and a standard sun position algorithm [35]
to map shadows onto the array. In this method, shading
obstructions are assumed to be fully opaque to beam irradi-
ance, which means that, at any given time, the array
operates under only two light levels, shaded and unshaded.
CAD modelling sensitivity
To investigate the sensitivity of 3D modelling techniques
to errors in obstruction size and placement, SAM simula-
tions are conducted of a south-facing PV system under
two hypothetical installation conditions: moderately
shaded (one tree) and heavily shaded (three trees), shown
in Figure 2. The two scenarios in Figure 2 are considered
a ‘base case’, and the trees’ diameters and heights are sub-
sequently increased or decreased by 10% or 25% of their
base values, to evaluate their impact on annual cumulative
irradiance or insolation. The base cases for the moderate
and high shading conditions represent annual insolations
of 1961 kWh/m2 and 1866 kWh/m2 respectively
(Table I). These insolations were found to be quite sensi-
tive to the effect of obstruction placement, changing by
as much as ±1.5% for the moderate shading case and as
much as ±3% for the high shading case. This indicates that
the simulation shading scenes must be developed with as
much accuracy as possible because relatively small differ-
ences in shade obstacles can lead to significant differences
in calculated irradiance.
Aerial imagery shade estimation
Another method for shade estimation uses aerial imagery.
Aerial surveys are able to quickly cover large portions of
a metropolitan or rural area, and they are often used as part
of a geographic information systems program for munici-
palities. Although a typical aerial overflight produces flat
images, 3D data can be obtained from special instrumenta-
tion, such as stereo photogrammetry or Light Detection
and Ranging [12–15]. Previous comparisons of the solar
access values (SAVs) from aerial imagery site survey
Figure 2. Two example photovoltaic (PV) arrays are used to in-
vestigate the sensitivity to shading object placement: (a) moder-
ate shading from one tree and (b) high shading from three trees.
[Colour figure can be viewed at wileyonlinelibrary.com]
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techniques versus those generated by the Solmetric
SunEye [36,37] have shown that the methods give statisti-
cally equivalent results. Specifically, these previous valida-
tion efforts have found statistical equivalence between
aerial imagery techniques and rooftop site surveys within
±3% on an annual basis and 10% on a monthly basis for
a given PV installation.
Rooftop site surveys
An alternate method for shade estimation is a rooftop site
survey, which requires access to the PV rooftop to deter-
mine shading based on local imagery. The use of a
stereo-fisheye image to determine a shadow’s extent is
fully addressed in Ref. [38]. A general SAV SA(t) is
assigned for each timestep t, where
SA tð Þ ¼ 1 S tð Þð ÞGb tð Þ þ Gd tð Þ þ Gr tð Þ
Gb tð Þ þ Gd tð Þ þ Gr tð Þ (1)
Here, S(t) is the ratio of shaded to total area averaged
across the entire array at timestep t. For each timestep, ef-
fective array irradiance Geff is equal to Geff(t) =G(t) · SA(t).
These values are often summed or averaged across
monthly and annual periods to create seasonal and overall
solar access and irradiance profiles.
A similar approach is taken with the Solmetric SunEye
survey tool [39], except solar access SAsuneye(t) does not
account for diffuse and reflected irradiance. Instead,
SAsuneye tð Þ ¼ 1 S tð Þð ÞG tð ÞG tð Þ ¼ 1 S tð Þ (2)
Equation (1) can be considered a true accounting of the
average irradiance present across the PV system; the pres-
ence of far shade only blocks the direct-beam irradiance
component within the shadow’s extent, and diffuse irradi-
ance is not affected. Equation (2) is a more conservative
estimate of solar access. The shading factor is applied to
all components of irradiance, including diffuse and
reflected irradiance. This may seem nonphysical, but for
some conditions, it more closely matches the electrical be-
haviour of a PV system under partial shading conditions.
In particular, small amounts of shade on a single-string
PV system can cause a bypass diode to turn on, which ef-
fectively negates all irradiance—beam and diffuse—pres-
ent on that submodule. Therefore, Eqn (2) combines an
irradiance and electrical model for monthly and annual
shade impact estimation. SunEye SAVs are reported on a
monthly basis by the tool’s report-generation software,
and it is common for users to estimate the performance im-
pact of partial array shading by applying these monthly
values simply as multiplicative loss factors to unshaded
performance predictions. The accuracy of this approach
will be addressed later in this work.
ELECTRICAL IMPACT OF PARTIAL
SHADING
A full, detailed shading simulation tool, developed at
University of Colorado-Boulder and NREL, can accurately
model arbitrary cell-level shading on PV arrays. This tool
has been validated and used to generate system-level
predictions of performance loss from partial shade [8].
Although this type of tool, combined with precise shadow
mapping, would give the most accurate performance
prediction for partially shaded PV arrays, the complexity
and runtime make it impractical to use with standard PV
modelling software like SAM. Instead, two simplified
electrical shade loss models are implemented in SAM and
described here: a nonlinear model designed for systems
equipped with string and central inverters and a linear
model for use with DMPPT systems.
Shade model for central/string inverters
Database creation.
SYSTEM ADVISOR MODEL uses a database of
precomputed loss percentages for different shading scenar-
ios [31] to evaluate the performance of partially shaded PV
systems with central or string inverters. The computations
use the detailed model mentioned in the preceding texts
[8] which simulates the I–V behaviour of PV generators’
performance by using a five-parameter single diode model
shown in Eqn (3) [32]. In this equation, I and V are the PV
generator current and voltage respectively. IL is the PV
generator’s light-generated current, I0 is the dark current,
a is the modified ideality factor, and Rs and Rsh are the se-
ries and shunt resistance.
Table I. Sensitivity of modelled irradiance to shade obstruction sizing in CAD model.
Scenario 1: one tree. Base insolation: 1961 kWh/m2 Scenario 2: three trees. Base insolation: 1866 kWh/m2
Scene modifications Insolation change (%) Scene modifications Insolation change (%)
Tree diameter: ±10% ±0.5 Tree diameter: ±10% ±1
±25% ±1 ±25% ±2
Tree height: ±10% ±0.5 Tree height: ±10% ±1
±25% ±1.5 ±25% ±3
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I ¼ IL  I0· exp V þ I ·Rsa
 
 1
 
 V þ I ·Rs
Rsh
(3)
The database is created by using datasheet parameters
from Trina polycrystalline module TSM-PA05, chosen
because it has performance characteristics typical of
multicrystalline silicon modules used in residential PV
arrays. The database has the following considerations:
• Systems may have up to eight parallel strings,
connected to a single central inverter. Any string
length and module orientation is allowed, as long as
it is uniform across each system.
• Each string can be shaded in 10% increments, from 0
to 100%, independent of each other string. The
database is coded by the fraction of
modules/submodules shaded in each string.
• The fraction of irradiance available while the module
is partially shaded (diffuse fraction) ranges from 10 to
100% of the total plane-of-array irradiance, again in
increments of 10%. At any given time, the shaded
portions of the PV array receive the full diffuse irradi-
ance, while the unshaded portions receive the full
plane of array irradiance.
Partial shading scenario entries are stored for each com-
bination of number of strings, fractional string shading,
and available shaded diffuse fraction of light. The entries
consist of the global and local maximum voltages and cur-
rents, scaled relative to the unshaded case. Because the da-
tabase is indexed by the maximum fraction of any shaded
string for each scenario, the voltage and current entries
can be stored in a diagonal matrix of values, which mini-
mises the size of the database. When there are ns possible
values for string shade extent and nd possible values for
the diffuse fraction of irradiance, the number of entries is
required to address a PV system with NumStrings strings
given in Eqn (4).
Database Entries ¼ ∑
NumStrings
N¼1
nd
ns 1þ Nð Þ!
ns 1ð Þ!  1
 
(4)
In the case of our database, ns = 11 and nd = 10, so for
NumStrings = 8, the total number of entries is 755 730.
When the database is compressed, its size is <3 MB, and
in RAM, it is <12 MB. These sizes are reasonable to use
with PV modelling software such as SAM.
If for some reason the system is unable to operate
within the range of a scenario’s stored power points (for in-
stance, if the maximum power point voltages are outside of
the maximum power point tracking range of the inverter),
then the database indicates that no power is produced. This
may compromise the accuracy of the performance predic-
tion for some PV systems that are not optimally sized or
configured.
Database access.
Database access requires basic information about the
PV system to be simulated, including module and inverter
characteristics, array configuration, unshaded and shaded
plane-of-array irradiance and PV cell temperature, and
the shaded fraction of each string of modules. All but the
last item of this information are readily available to the
user in array design documents, weather files, or
datasheets. Per-string shading must be determined by using
a tool that maps shade patterns onto the plane of the PV ar-
ray, such as the 3D shade calculator currently implemented
in SAM [35] or other third-party CAD software.
During each database access, the per-string shading and
shaded (diffuse) irradiance fractions are rounded to their
nearest tenth, and these values are used to obtain the most
relevant set of direct current (DC) and voltage system
operation from the database. The maximum power output
is calculated, within the PV system’s inverter MPPT string
voltage range, and this is then used to compute the partial
shading losses. Database access time for a year of hourly
points requires about 1 s, which meets the goal of a very
fast simulation time. By comparison sake, two previously
published shading models in Refs [30] and [8] would
require 1 and 10 min respectively, for comparable annual
simulations.
Database electrical model validation.
The shade database described in the preceding texts has
simplifications to make it practical for use with commercial
PV modelling tools. These limitations include rounding
levels of shade extent and diffuse irradiance fraction to
the nearest tenth and assumptions that shade does not
affect module operating temperature. To examine the
potential errors introduced by these assumptions, two com-
parison shade models were chosen to assess annual shade
loss calculations: a detailed five-parameter cell-level model
[8] and an empirical estimation of string-level MPPs
described in Refs [30] and [40]. Potential accuracy advan-
tages of these two models include greater flexibility in
system irradiance and temperatures, at the cost of greater
computation run time, as described in the preceding texts.
Comparison of the three partial shade models (‘detailed
model’, ‘shade database’, and ‘Psarros model’) is con-
ducted via annual energy simulations of the PV system
drawn in Figure 3, a southwest-facing rooftop installation
with two parallel strings and large trees at a distance. Shad-
ing is mapped onto the array at the cell substring (module
bypass diode) level. All models have identical inputs for
array operating conditions, including irradiance, tempera-
ture, and shade extent. On an annual basis, the shade data-
base predicts nearly the same losses attributed to partial
shading as the detailed model (Table II) despite its simpli-
fications and the Psarros model [30] comes within 1% of
the other two models. Predicted shade loss is further inves-
tigated by month in Figure 4. One can see here that the de-
tailed model predicts more loss than the other two models
during the more heavily shaded fall and winter months.
The shade database also appears to overpredict summer
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shade losses for this particular array, which may in part be
due to rounding errors of shade extent.
On an annual basis at least, the shade database does a
reasonable job predicting the electrical losses caused by
partial shading of the PV array. Given its faster runtime
and more faithful representation of the full electrical
model, as compared to the Psarros model, it may be a pre-
ferred solution for practical PV modelling.
Shade model for distributed power
electronics
Photovoltaic systems with DMPPT, such as those with
module-level DC–DC converters or microinverters, experi-
ence a performance loss that is approximately linear with
respect to the fraction of the array that is shaded [8,22].
As such, the linear shade model simply applies a 1:1 ratio
between the extent of shade in a system and the amount of
beam irradiance reduction. This is exactly the approach
taken in Eqn (1) where diffuse and reflected irradiance is
unaffected and incident beam irradiance is reduced by the
fraction of the PV array covered in shadow at a given point
in time. This treatment would be correct for a PV module
in which each cell was equipped with MPPT hardware,
but PV modules equipped with module-level or
submodule-level electronics still exhibit some nonlinearity
if only a portion of the module or submodule is shaded.
Under some conditions, it may be more accurate to calcu-
late the shade extent S(t), not as an area fraction, but rather
as a fraction of modules or submodules per array that are
affected by shade.
FIELD VALIDATION
Sites
Table III summarises 46 installations in the Denver and
Los Angeles areas, each with 5–12 months of production
data reported either on a 5-min or monthly basis, depend-
ing on the data source. Concurrent nearby meteorological
Figure 3. Photovoltaic (PV) array with tree shading used for
comparison between shade database and other partial shade
models. [Colour figure can be viewed at wileyonlinelibrary.com]
Table II. Annual shade loss predictions of the detailed model
[8], the shade database, and the Psarros model [30] for the
scene in Figure 3.
Predicted annual shade loss %
Detailed model Shade database Psarros model
9.5 9.2 8.4
Figure 4. Monthly shade loss values for the two comparison models [8,30] and the shade database, assuming the scene in Figure 3.
[Colour figure can be viewed at wileyonlinelibrary.com]
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data for each site are available, collected by NREL’s
Measurement and Instrumentation Data Center [41]. In
addition to the PV production data, we obtained additional
site metadata, such as the array tilt, azimuth, and brand of
the PV modules; the type of inverter equipped; and the
physical site address. Each partially shaded PV array also
has onsite Solmetric SunEye survey data, with monthly
SAVs.
Methodology
The PV arrays were simulated in SAM, using the available
site metadata. Model loss factors were set to default values
except for soiling loss, which was set to 3%, and module
mismatch loss, which was set to 1% for systems with
central/string inverters, and 0% for systems with
distributed power electronics. These are the default values
for the widely used PVSYST modelling tool [42]. All of the
SAM simulations use appropriate nearby (within 50 km)
weather data collected through Measurement and
Instrumentation Data Center, adjusted for system down-
time indicated by the performance data. The PV systems
located in Colorado also use SAM’s snow loss model
[43,44].
A shading scene was created for each partially shaded
site by using shade obstruction details from aerial imagery
found online from Google Earth or Bing Maps, and shad-
ing losses were calculated in SAM as described above.
The shading scenes were created by using a first-pass
estimate of the shade obstructions, independent of the mea-
sured data. For comparison’s sake, partially shaded PV
arrays were also modelled by using their available SunEye
roof survey data instead of the CAD-based shading tool.
For these SunEye cases, the arrays were simulated without
shading in SAM and the monthly SAVs were used as linear
shade loss factors, applied to the modelled unshaded AC
production values.
PV FLEET SHADING DATA
On a fleet-wide basis, the relative bias errors for both the
shaded and unshaded systems were less than 2.5%, which
is a reasonable result, given the many sources of uncer-
tainty, including but not limited to location of the weather
stations relative to the arrays, use of default loss values, or
array tilt/azimuth/roof clearance ambiguity. It is interesting
to consider the data by system type and shading extent,
separating the partially shaded systems by inverter type
(central vs micro) and shade extent (predicted losses
<5% vs ≥5%). Figure 5 shows the distributions of the
PV systems’ annual relative bias error, created by using
histograms with a smoothing curve fit and normalised to
the number of systems in each grouping. The median
values for each of the fits are presented in Table IV. One
can see that the unshaded systems have a slight negative
median bias, due in part to the sources of modelling
uncertainty mentioned in the preceding texts. Shaded
systems with central inverters show a bit more bias,
negative or positive depending on shade extent, than their
counterparts with microinverters. However, all system
types and shade extent groupings have median annual bias
errors within 2.5% when using the SAM tool for
performance prediction.
Next, we investigated the monthly cumulative distribu-
tion functions of all PV arrays’ energy production with re-
spect to model error, again separating the systems by
inverter type. These are shown in Figure 6, with the
P(50) and P(10)/P(90) values, calculated by using the
method described in Ref. [45], marked and listed in
Table V. For both inverter types, the P(50) values are very
close to zero, indicating that the central tendency of each
shade model is not strongly biased either positive or nega-
tive. The cumulative distribution functions also indicate
that 80% of the energy is generated with an absolute
monthly error of <9% for the central inverter systems
and <8% for the microinverter systems. Given the many
potential sources of inaccuracy in the SAM simulations, this
is very good agreement between the measured and
modelled results.
To further evaluate the accuracy of the shading tools in
SAM, we calculated the root-mean-square errors, or RMSEs
(Equation (5)), for the total energy production on a fleet-
wide basis, separating the systems into two groups, shaded
and unshaded (Table VI), and further dividing the partially
shaded systems by inverter type (Table VII). In the error
equation, EMod and EMeas are the modelled and measured
energy production respectively, and n is the number of sys-
tems, when the errors are calculated on an annual basis, or
the number of system-months of measured data, when er-
rors are calculated on a monthly basis.
Relative Root Mean Square Error
¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ni¼1
EMod;iEMeas;i
EMeas;i
 2
n
vuut
100% (5)
The first entry in Table VI shows the annual system
Table III. Summary of photovoltaic systems used for validation.
Low shade High shade
Unshaded <5% annual predicted loss 5–20% annual predicted loss
Central/string inverter 4 9 10
Microinverter 2 10 11
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energy production RMSE across all 46 PV systems in this
study, and it indicates that the annual RMSEs for the un-
shaded and shaded systems are both the same at 4.0%. This
is not to say that the shading model introduces no addi-
tional model uncertainty. Rather, on an annual basis, these
additional monthly errors appear to cancel, such that the
annual system energy estimation across the fleet was not
impacted.
This effect is further illuminated by examining the
RMSEs on a monthly basis, with the months of April–
September grouped seasonally into ‘summer’ and
October–March into ‘winter’. This designation was made
so that the typically more shaded winter months would
be considered together. As shown in the right half of
Table VI, the RMSEs increase slightly for unshaded sys-
tems when calculated from monthly data and more
considerably for shaded systems. Further, while the sea-
sonal RMSE values are similar for unshaded systems, the
partially shaded systems show increased model error in
the winter, when shade extent is greater. This may indicate
that the shaded systems’ results exhibit some error cancel-
lation on an annual timescale and that the shade model er-
rors increase in the winter months. Using the root-sum-
square to determine uncertainty, one can infer that, for this
fleet, the shade model contributed an additional RMSE of
3.6% (6.62 = 5.52 + 3.62) for summer energy production
and 8.3% for winter energy production. Table VII also
considers the difference in monthly model accuracy for
central inverter and microinverter systems and shows that
the monthly RMSEs are higher for shaded systems with
central inverters than microinverters. This is expected as
the model for central inverters is more complicated and
Figure 5. Distributions of annual bias error for (top) central inverter systems and (bottom) microinverter systems. Low shade systems
are those with an estimated loss of less than 5% due to partial shading, and high shade systems are those with estimated shading
losses of 5% or more. Zero shade systems include both central inverter and microinverter systems. [Colour figure can be viewed at
wileyonlinelibrary.com]
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Figure 6. Cumulative distribution functions of the photovoltaic
(PV) systems’ energy production with respect to SAM model bias
error. The (top) central inverter and (bottom) microinverter
distributions include the monthly model errors for each PV
system of that type. [Colour figure can be viewed at
wileyonlinelibrary.com]
Table V. Per cent error probabilities from the cumulative
distribution functions of energy production.
P(50) P(10) P(90)
Central inverter 0.9 8.6 7.4
Microinverter 0.5 7.6 7.2
Table VI. Per cent root-mean-square errors for shaded and
unshaded systems’ annual and monthly data.
Monthly
Annual Summer Winter
Unshaded 4.0 5.5 5.7
Shaded 4.0 6.6 10.1
Table VII. Per cent root-mean-square errors for shaded
systems’ monthly data by inverter type and season.
Summer Winter
Central inverter 7.2 12.0
Microinverter 5.8 8.3
Figure 7. Distributions of annual bias error for (top) central in-
verter systems and (bottom) microinverter systems, comparing
the results of using the SAM 3D computer-aided design (CAD)
models and SunEye rooftop surveys. Low shade systems are
those with an estimated partial shading loss <5%, and high
shade systems have ≥5% shade loss. [Colour figure can be
viewed at wileyonlinelibrary.com]
Table IV. Median annual per cent bias errors using SAM.
Unshaded
Central inverter Microinverter
Low shade High shade Low shade High shade
1.6 2.5 0.1 0.8 0.3
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sensitive to model or CAD placement errors as described
above.
Finally, Figure 7 and the associated Table VIII compare
the accuracy of the SAM 3D shading models to that of en-
ergy predictions made by using SunEye rooftop site sur-
veys. As previously mentioned, the SunEye results are
calculated by applying the rooftop surveys’ monthly SAVs
as linear power losses to the unshaded AC energy produc-
tion predicted by SAM. While the results of the two tools
are similar under high shade conditions for systems with
microinverters (median errors are within 1% of one an-
other), the SAM shade model has more accurate and consis-
tent results for the other three shading categories. These
results suggest that, while a rooftop site survey is a good
tool for shade modelling, accuracy is not compromised
by instead using CAD-based models aided by aerial
imagery.
CONCLUSIONS
We gathered high-quality energy production data for 46
residential PV systems, with associated annual shading
losses between 0% and 20%. Using array details such as
location, size, orientation, and inverter type, we simulated
each of these systems in NREL’s SAM tool, employing its
3D CAD-based calculator to map shadows onto the arrays.
We describe a method for calculation of the resulting per-
formance losses, including a linear model for systems
equipped with microinverters and a nonlinear model for
central inverter systems. These methods are benchmarked
against existing methods and integrated into the SAM sim-
ulation tool. When comparing the estimated with the mea-
sured production data, the median annual bias errors were
2.5% or lower in all cases.
The RMSE on an annual basis was 4% for both shaded
and unshaded systems, indicating that, in aggregate, the
partial shading model does not appreciably increase uncer-
tainty in annual energy predictions. When the RMSE was
calculated on a monthly basis, the shading model exhibited
greater uncertainty—accounting for a 4%–9% increase de-
pending on the season. The partial-shading model devel-
oped for PV systems with central inverters was found to
have greater uncertainty than the linear microinverter
model, owing in part to the greater complexity of the non-
linear model.
We also compared the results of the 3D CAD-based
models to those obtained by using the Solmetric SunEye
rooftop site surveys for each system and found the 3D
CAD method to have comparable or better accuracy, given
accurate placement of shade obstructions. This effort is
novel in that it was the first time that multiple shading tools
were compared to production data from a fleet of PV sys-
tems on an annual basis and the contribution of shade loss
to modelling uncertainty was quantified. The results indi-
cate that accurate modelling of PV system shade can be
done remotely without access to the rooftop of a given
property. The models described here are also shown to be
sufficiently accurate to have little impact on model uncer-
tainty on an annual basis across multiple installations.
ACKNOWLEDGEMENTS
Special thanks to Enphase Energy, SunRun, and Spruce
Finance for a subset of PV performance data and site
configuration details used for this analysis. This work
was supported by the US Department of Energy under
contract no. DE-AC36-08GO28308 with the National
Renewable Energy Laboratory.
REFERENCES
1. Kahn E. Avoidable transmission cost is a substantial
benefit of solar PV. The Electricity Journal. 2008;
21: 41–50
2. Hoff TE, Wenger HJ, Farmer BK. Distributed genera-
tion: an alternative to electric utility investments in
system capacity. Energy Policy 1996; 24: 137–147
3. Levinson R, Akbari H, Pomerantz M, Gupta S. Solar
access of residential rooftops in four California cities.
Solar Energy. 2009; 83(12): 2120–2135
4. Tsoutsos T, Frantzeskaki N, Gekas V. Environmental
impacts from the solar energy technologies. Energy
Policy 2005; 33(3): 289–296
5. Goodrich A, James T, Woodhouse M. Residential,
commercial, and utility scale photovoltaic (PV) system
prices in the United States: current drivers and cost-
reduction opportunities. NREL technical report. Na-
tional Renewable Energy Laboratory; 2012. Report
No.: NREL/TP-6A20–53347.
6. Woyte A, Nijs J, Belmans R. Partial shadowing of PV
arrays with different system configurations: literature
review and field test results. Solar Energy. 2003; 74:
217–233
7. Femia N, Lisi G, Petrone G, Spagnuolo G, Vitelli M.
Distributed maximum power point tracking of photo-
voltaic arrays: novel approach and system analysis.
IEEE Transactions on Industrial Electronics. 2008;
55: 2610–2621
8. MacAlpine S, Erickson R, Brandemuehl M. Character-
ization of power optimizer potential to increase energy
capture in photovoltaic systems operating under
Table VIII. Comparison of median annual per cent bias errors
with SAM and SunEye.
Central inverter Microinverter
Low shade High shade Low shade High shade
SAM 2.5 0.1 0.8 0.3
SunEye 4.9 2.4 4.2 0.3
A fleet of shaded photovoltaic systems with string and module-level invertersS. MacAlpine, C. Deline and A. Dobos
723Prog. Photovolt: Res. Appl. 2017; 25:714–726 Published 2017. This article is a U.S. Government work and is in the public domain in the USA.
DOI: 10.1002/pip
nonuniform conditions. IEEE Transactions on Power
Electronics. 2013; 28: 2936–2945
9. Hanson A, Deline C, MacAlpine S, Stauth J, Sullivan
C. Partial-shading assessment of photovoltaic installa-
tions via module-level monitoring. IEEE Journal of
Photovoltaics. 2014; 4: 1618–1624
10. MacDonald WS, Inventor; skyline imaging system for
solar access determination. Solmetric Corporation pat-
ent 7,861,422. 2011.
11. Pathfinder S. Instruction manual for the solar path-
finder. [online].; 2008. Available from: http://www.
solarpathfinder.com/manual
12. Deline C. Partially shaded operation of a grid-tied PV
system. In Proceedings of 34th IEEE Photovoltaic
Specialists Conference (PVSC); 2009. p. 1268–1273.
13. Bishop JW. Computer simulation of the effects of elec-
trical mismatches in photovoltaic cell interconnection
circuits. Solar Cells. 1998; 25: 73–89
14. Jochem A, Höfle B, Rutzinger M, Pfeifer N.
Automatic roof plane detection and analysis in
airborne Lidar point clouds for solar potential assess-
ment. Sensors 2009; 9(7): 5241–5262
15. Jakubiec JA, Reinhart CF. A method for predicting
city-wide electricity gains from photovoltaic panels
based on LiDAR and GIS data combined with
hourly Daysim simulations. Solar Energy. 2013; 93:
127–143
16. Izquierdo S, Rodrigues M, Fueyo N. A method for es-
timating the geographical distribution of the available
roof surface area for large-scale photovoltaic energy-
potential evaluations. Solar Energy. 2008; 82(10):
929–939
17. Melius J, Margolis R, Ong S. Estimating rooftop suit-
ability for PV: a review of methods, patents, and vali-
dation techniques. National Renewable Energy
Laboratory; 2013.
18. NREL. Software, SAM open source. Available from:
https://sam.nrel.gov/source .
19. Quaschning V, Hanitsch R. Irradiance calculation on
shaded surfaces. Solar Energy. 1998; 62: 369–375
20. Patel H, Agarwal V. MATLAB-based modeling to
study the effects of partial shading on PV array charac-
teristics. IEEE Transactions on Energy Conversion.
2008; 23: 302–310
21. Olalla C, Clement D, Maksimović D, Deline C. A cell-
level photovoltaic model for high-granularity simula-
tions. In Proceedings, 15th IEEE European Conference
on Power Electronics and Applications; 2013.
22. Sinapis K, Tzikas C, Litjens G, van den Donker M,
Folkerts W, van Sark W, et al. A comprehensive study
on partial shading response of c-Si modules and yield
modeling of string inverter and module level power
electronics. Solar Energy. 2016; 135: 731–741
23. NREL. PV Watts calculator.; 2014. Available from:
http://pvwatts.nrel.gov/ .
24. Deline C, Dobos A, Janzou S, Meydbray J, Donovan
M. A simplified model of uniform shading in large
photovoltaic arrays. Solar Energy. 2013; 96: 274–282
25. Brecl K, Topič M. Self-shading losses of fixed free-
standing PV arrays. Renewable Energy 2011; 36:
3211–3216
26. Petrone G, Spagnuolo G, Vitelli M. Analytical model
of mismatched photovoltaic fields by means of Lam-
bert W-function. Solar Energy Materials and Solar
Cells. 2007; 91: 1652–1657
27. Paraskevadaki EV, Papathanassiou SA. Evaluation of
MPP voltage and power of mc-Si PV modules in par-
tial shading conditions. IEEE Transactions on Energy
Conversion. 2011; 26: 923–932
28. Martínez-Moreno F, Muñoz J, Lorenzo E. Experimental
model to estimate shading losses on PV arrays. Solar
Energy Materials and Solar Cells. 2010; 94: 2298–2303
29. Moballegh S, Jiang J. Modeling, prediction, and exper-
imental validations of power peaks of PV arrays under
partial shading conditions. IEEE Transactions on Sus-
tainable Energy 2014; 5(1): 293–300.
30. Psarros GN, Batzelis EI, Papathanassiou SA. Partial
shading analysis of multistring PV arrays and deriva-
tion of simplified MPP expressions. IEEE Transac-
tions on Sustainable Energy 2015; 6(2): 499–508.
31. MacAlpine S, Deline C. Simplified method for model-
ing the impact of arbitrary partial shading conditions
on PV array performance. In Proceedings, 42nd IEEE
Photovoltaic Specialist Conference; 2015.
32. De Soto W, Klein SA, Beckman WA. Improvement
and validation of a model for photovoltaic array per-
formance. Solar Energy. 2006; 80: 78–88
33. Perez R, Ineichen P, Seals R, Michalsky J, Stewart R.
Modeling daylight availability and irradiance compo-
nents from direct and global irradiance. Solar Energy.
1990; 44: 271–289
34. Reindl DT, Beckman WA, Duffie JA. Evaluation of
hourly tilted surface radiation models. Solar Energy.
1990; 45: 9–17
35. Dobos AP, Freeman JM, DiOrio NA. Assessment of
3D shading calculations for photovoltaic system
modeling. In Submission. 2016;
36. Nangle J, Simon J. Analysis of bright harvest remote
analysis for residential solar installations. NREL tech-
nical report NREL/TP-7A40–64470; 2015 available
from www.nrel.gov/docs/fy15osti/64470.pdf.
37. Nangle J, Dean J, Van Geet O. Analysis of solar cen-
sus remote solar access value calculation methodol-
ogy. NREL technical report NREL/TP-7A40–63098;
2015 available from http://www.nrel.gov/docs/
fy15osti/63098.pdf.
A fleet of shaded photovoltaic systems with string and module-level inverters S. MacAlpine, C. Deline and A. Dobos
724 Prog. Photovolt: Res. Appl. 2017; 25:714–726 Published 2017. This article is a U.S. Government work and is in the public domain in the USA.
DOI: 10.1002/pip
38. Tomori T, Otani K, Sakuta K, Kurokawa K. On-site
BIPV array shading evaluation tool using stereo-
fisheye photographs. In Proceedings, 28th IEEE Pho-
tovoltaic Specialists Conference; 2010.
39. Solmetric. Solmetric SunEye 210 series users guide.
[Online]. cited 2016 September. Available from:
http://www.solmetric.com/downloads-suneye.html
40. Batzelis E, Routsolias I, Papathanassiou S. An explicit
PV string model based on the Lambert W function and
simplified MPP expressions for operation under partial
shading. IEEE Transactions on Sustainable Energy
2014; January5(1): 301–312.
41. NREL. NREL Measurement and Instrumentation Data
Center (MIDC) Home Page. [Online]. cited 2016
September. Available from: http://www.nrel.gov/midc/ .
42. PVSyst. PVSyst photovoltaic software home. [On-
line]. cited 2016 September. Available from: http://
www.pvsyst.com .
43. Marion B, Schaefer R, Caine H, Sanchez G. Measured
and modeled photovoltaic system energy losses from
snow for Colorado and Wisconsin locations. Solar
Energy. 2013; 97: 112–121
44. Ryberg D, Freeman J. Integration, validation and
application of a PV snow coverage model in SAM.
NREL technical report NREL/TP-6A20–64260; 2015
available from: http://www.nrel.gov/docs/fy15osti/
64260.pdf.
45. Dobos AP, Gilman P, Kasberg M. P50/P90 analysis
for solar energy systems using the system advisor
model. World Renewable Energy Forum; May 2012.
46. Badescu V. 3D isotropic approximation for solar
diffuse irradiance on tilted surfaces. Renewable Energy
2002; 26: 221–233
APPENDIX: OBSTRUCTION DIFFUSE
IRRADIANCE LOSS
Diffuse irradiance loss from nearby or horizon obstructions
is due to the reduced field of view of the solar collector to
the open sky dome. Many irradiance models exist that
calculate the translation of horizontal diffuse irradiance to
a tilted plane. Here, an isotropic diffuse model is assumed
which results in diffuse irradiance loss that is a constant
independent of solar position. The output value here is an
additional diffuse shading loss fraction that can be applied
onto the diffuse irradiance of whichever tilted plane model
is selected.
Conceptually, a 2D integral is solved in the (θ,ϕ) space
where θ is zenith angle from vertical and ϕ is azimuth an-
gle from north. Additionally, a two-axis rotation is
required to define zenith angle θ
0
in the reference plane
of the tilted, rotated PV array. This angle is calculated for
tilt angle β and azimuth orientation γ as [46]
θ
0 ¼ cos1 cosθ cosβ þ cos γ sinβ cosϕ sinθ þ sinθ sinϕ sin γ sinβð Þ
(1)
Additionally, the projection of the PV array for a given
(β , γ) in the (θ ,ϕ) coordinates is required. This is accom-
plished by solving cosθ
0
= 0, which defines the θplane coor-
dinates behind the plane of the PV array:
θplane ¼ ArcTan2  cos γ ϕ½  sinβffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
cos2β þ cos2 γ ϕ½ sin2β	 
q ;
cosβffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
cos2β þ cos2 γ ϕ½ sin2β	 
q
0
B@
1
CA
(2)
where ArcTan2 is a four-quadrant arctangent of (y/x)
where the first argument of ArcTan2 is the x denominator
and the second argument is the y numerator.
Given these equations, diffuse irradiance is integrated
for both the unshaded view of the sky and for the diffuse
shading loss attributed to obstructions above the horizon.
The unshaded integral considers only the portion of
the sky above the horizon (θ< 90) and above the view of
the array plane θplane. This is represented in Figure A1 in
the succeeding texts as the integral of open sky area above
the blue array plane:
Gd;unshaded ¼ ∫360ϕ¼0∫
θ¼min 90;θplaneð Þ
θ¼0 cosθ
0
sinθ dθdϕ (3)
The shaded integral considers the portion of the sky that
is both visible to the array plane yet also obstructed by
shading objects (θObs). This is represented in Figure 8 in
the succeeding texts as the integral below the red horizon
obstructions and above the blue array plane.
Gd;shaded ¼ ∫360ϕ¼0∫
θ¼min 90;θplaneð Þ
θ¼min θObs;θplaneð Þ cosθ
0
sinθ dθdϕ (4)
The weighting factor cosθ
0
sin θ dθ in the diffuse
integrals in the preceding texts includes a spherical
integral weighting factor sinθ dθ times the cosine
incidence angle loss relative to the PV array normal
cosθ
0
. Note that θ
0
is only defined from 0< θ
0
< 90 in
the weighting factor mentioned in the preceding texts.
The overall fraction of diffuse irradiance lost to hori-
zon shade is Gd , loss , horizon =Gd , shaded/Gd , unshaded. This
loss term varies throughout the array because the ob-
struction zenith angle θObs depends on the position
within the array. Strictly speaking, Gd , loss , horizon should
be tabulated separately for each PV module in the array.
However, variation within the array tends to be small
and unlikely to introduce additional mismatch losses.
Therefore, in the SAM approach, Gd , loss , horizon is aver-
aged across the array and applied as a single diffuse loss
fraction.
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Figure A1. Example of horizon obstruction and definition of the photovoltaic (PV) array plane in elevation-azimuth coordinates for
β = 45. The unshaded integral in Eqn (3) is taken over the entire sky dome visible to the array, excluding the area behind the plane
(blue). The shaded integral in Eqn (4) is included over the area below the horizon obstruction (red). Note that the area below the horizon
represents the diffuse loss of a tilted plane relative to horizontal (grey) and is typically handled by a separate transposition model.
[Colour figure can be viewed at wileyonlinelibrary.com]
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